We quantify the importance of health disparities in explaining consumption differences at older ages by estimating a panel VAR model of elderly consumption, health, and mortality using data from the Health and Retirement Study. We use the estimated model and initial joint distribution of health and consumption to simulate elderly life-cycle paths and construct a measure of the net present value of expected remaining lifetime consumption at age sixty (NPVC). We first document a steep education gradient in elderly lifetime consumption. We then decompose the gradient in NPVC to quantify the effect of 1) differences in the health distribution at age sixty and 2) differential health and mortality transitions after age sixty. Our decomposition results suggest that roughly 11-12% of the education gradient in NPVC at age sixty could be closed by eliminating elderly health differences.
Introduction
The turn of the century has witnessed not only a rise in economic inequality but also growing disparities in health and mortality.
1 While the correlations between health and economic circumstances have been widely studied, it is less clear to what extent variations in the former may translate into the latter. In this study, we examine the dynamic relationship between health and consumption over the elderly life course. In doing so, we shed light on the potential impact of policies that promote health equity on broader economic inequality among the elderly.
Adverse health shocks may influence individual or household consumption through a variety of mechanisms. These effects could be contemporaneous, for example through increased expenditures on medical care, reduced earnings, or decreased consumption of goods and services that are complements to good health. Or there could be dynamic effects that persist over time, for example through forced early retirement or perhaps even expedited death. In any case, these channels suggest that variations in health may explain, at least partly, the disparate consumption patterns observed across socioeconomic groups in the U.S. This relationship could be especially important at older ages where mortality rates are high and most of the variance in health across individuals is concentrated (Deaton and Paxson, 1998) .
Understanding the extent to which health differences influence consumption inequality is a challenging task. Health is a multidimensional concept with many proposed subjective and objective measures (e.g. self-rated health, physical limitations, incidence of morbidities, etc). Different types of health events can impact consumption, both current and future, with varying intensities-a cardiac event may have a stronger and more persistent effect on consumption than hypertension. There is also the possibility of dynamic spillovers across health conditions-hypertension is a risk factor known to increase the likelihood of other adverse health outcomes including death (Ettehad et al., 2016) . Finally, individuals with similar annual consumption but substantially different lifespans will have very different total lifetime consumption. Moreover, the life-cycle hypothesis suggests an unexpected health shock could potentially increase contemporaneous consumption if there is an associated decline in life expectancy. In these cases, cross-sectional associations between consumption and health would only be presenting a part of the bigger story.
In light of these potentially dynamic and multi-faceted influences, we take a lifecycle approach to better quantify the total contribution of health disparities to differential consumption patterns over elderly life in the U.S. Using a similar framework as Miller and Bairoliya (2018) , we estimate a panel vector autoregressive (VAR) model to approximate the joint evolution of consumption, mortality, and a multivariate measure of health over the elderly life-cycle. We use longitudinal data from the Health and Retirement Study (HRS) supplemented with the Consumption and Activities Mail Survey (CAMS). Together, these provide a long and rich panel for studying the joint distribution of health and consumption for the elderly. We use the estimated system to simulate and analyze potential outcome paths for a sub-sample of HRS respondents. Using the simulated paths for consumption and mortality, we construct a measure of the net present value of expected remaining lifetime consumption (NPVC) at age sixty. This measure, which can also be viewed as an age sixty wealth equivalent, provides a parsimonious setup for studying both the contemporaneous as well as dynamic effects of health in driving consumption differences.
In order to examine the influence of health disparities on consumption inequality, we study differences across educational attainment levels. We choose to focus on this socioeconomic dimension as substantial education gradients have been well documented in health and mortality (Conti et al., 2010; Pijoan-Mas and Ríos-Rull, 2014) as well as income (Houthakker, 1959; Morgan and David, 1963; Griliches and Mason, 1972) . It is well known that income differences across education groups primarily stem from differential returns to education. While some of these income differences may further translate into health differences due to differential access to medical goods and services, studies show that differences in health outcomes are also due to differences in health behaviors (Cutler and Lleras-Muney, 2010) , knowledge capital (Kenkel, 1991) and adherence to medication (Goldman and Smith, 2002) . We do not focus on the reasons underlying the observed education gradients in health and consumption in this analysis, rather we ask how much of the education-consumption gradient can be attributed to health disparities across education groups. We further decompose how much of the gradient can be explained by differences in initial (age sixty) health distribution versus the differential evolution of health and mortality after age sixty across these groups.
Our main results are summarized as follows: we first document a substantial education gradient in cross-sectional consumption at age sixty-average consumption of college graduates is 2.5 times higher than high school dropouts. This ratio rises to 3.0 when examining NPVC-our estimate of elderly lifetime consumption. This rise is due to a positive correlation between consumption, health, and longevity. For example, we estimate that the average life expectancy of college graduates at age sixty is 5.4 years longer than high school dropouts. So not only are the college educated enjoying more average consumption in the cross-section, they enjoy the consumption for a longer and healthier period of time.
Our second set of results quantify the influence of health disparities on the educationconsumption gradient. First, we find that conditional on health, differential survival rates across education groups actually explain very little of the gap in NPVC. The reason is that we do not find a strong education gradient in mortality rates after controlling for health. This finding is consistent with those reported by Pijoan-Mas and Ríos-Rull (2014) . The authors also find that education, wealth, and income have very little impact on survival conditional on health. We do find, however, that the differential evolution of health can explain an important share of the estimated consumption disparities. For instance, eliminating differential elderly health transitions after sixty (mortality, morbidities, and subjective health) across education groups can close an estimated 5.7% of the educational gradient in NPVC between college graduates and high school dropouts at age sixty. However, this is a lower bound of the overall effect as part of the gradient is driven by initial age sixty health conditions. When we give the initial health distribution of the college graduates to those with less than a high school education, the consumption gradient closes by 5.1%. Altogether, we estimate that the distribution of health at age sixty and subsequent health transitions combine to explain approximately 11% of the gap in NPVC between college graduates and high school dropouts at age sixty-and 12% of the gap between college graduates and high school graduates.
Our paper broadly contributes to a growing body of work studying the distribution of individual and household consumption (Krueger and Perri, 2003; Deaton and Paxson, 1994; Dynarski et al., 1997; Cutler et al., 1991) along several dimensions. We establish a significant education-consumption gradient at older ages and document that inequality across education groups accounts for a substantial share of the total inequality in elderly lifetime consumption. We also argue that cross-sectional consumption differences may underestimate the true nature of consumption disparities among the elderly and propose NPVC as an alternate measure for studying the distribution of consumption. Moreover, while previous studies have explored the role of income inequality in explaining consumption differences (Krueger and Perri, 2006; Cutler and Katz, 1992; Blundell and Preston, 1998; Aguiar and Bils, 2015) , we provide an estimate of the impact of health. Finally, we add to the existing work looking at the importance of health disparities in explaining economic inequality (Shastry and Weil, 2003; Bloom et al., 2004) . While these studies have looked at the importance of population health differences in explaining cross-country income differences, we are able to provide new insights by exploring the importance of health and mortality in explaining consumption inequality within the U.S.
Our paper is most closely related to two existing studies-Pijoan-Mas and Ríos-Rull (2014) and Miller and Bairoliya (2018) . The former looks at the importance of initial health distribution versus differential health and mortality transitions at older ages in explaining differences in life expectancy at age fifty. We focus on analyzing the role of health in explaining consumption differences and also use a broader indicator of health, incorporating several morbidities and physical limitations. Miller and Bairoliya (2018) estimates the welfare distribution of the elderly and its change over time. We use a similar modeling approach in this paper to understand the relationship between health and consumption inequality at older ages. We estimate the education gradient in consumption and document the importance of educational differences in explaining overall consumption inequality. We also conduct decomposition exercises to quantify the impact of health on elderly consumption disparities.
The remainder of the paper is organized as follows. Section 2 describes our data and empirical methods used in this analysis. Section 3 discusses our estimation and simulation results and summarizes our findings from the decomposition experiments. Finally, section 4 provides concluding remarks.
Data and methods

Data
The Health and Retirement Study is a nationally representative, longitudinal panel survey of older Americans. It covers individuals over the age of fifty and their spouses on a biennial basis. The survey was first conducted in 1992 for the initial HRS cohort with multiple other birth cohorts added over subsequent waves. The study presently consists of five primary birth cohorts-the initial HRS cohort (born 1931-1941) , AHEAD cohort (born before 1924), Children of Depression (born 1924 -1930 ), War Babies (born 1942 -1947 , and Baby Boomers (born 1948-1959) .
2 The HRS is a rich source of information on income, wealth, health, and demographics for the elderly. Household spending data is available from the Consumption and Activities Mail Survey (CAMS), which was sent to a random sub-sample of HRS participants during off years of the core survey, starting in 2001. We use the cleaned RAND HRS data file (v.P) for health and demographic variables from 1992 to 2014. We use data on fixed characteristics including education level, gender, race, and birth cohort in our health and mortality estimations. The education variable used in our analysis is based on highest level attained and includes three categories-less than a high school education (<HS), high school graduates (HS), and college graduates (College). We describe below our health and consumption measures in more detail.
Consumption
The CAMS collected household spending data on durables, nondurables, transportation, and housing. We use cleaned RAND 2015 CAMS data file (v.2), which contains a constructed estimate of total household consumption derived from the available spending data.
3 Broadly, household consumption was derived by estimating the per-period "usage" from consumer durables, automobiles, and housing expenditures using a similar method as proposed by Hurd and Rohwedder (2007) . 4 We construct our measure of individual consumption by subtracting household out-of-pocket health expenditures and dividing by household size.
5 As consumption data is only available in between the core HRS waves, we merge each CAMS wave with the HRS core data from the previous 2 Baby Boomers are split into two groups by the HRS (early and mid) but we group them together as very few mid Baby Boomers have the lagged data required for estimation of our dynamic model.
3 Data and consumption construction details available at http://hrsonline.isr.umich.edu. 4 The annual service flow for durables was roughly estimated as C × p where C was the total cost and p the probability of purchase. Adjustments for interest payments, depreciation and insurance costs were done for estimating transportation consumption. The consumption of housing was estimated as the sum of the rental equivalent of the owned house, property tax, homeowners insurance and any additional rent payments.
5 Health spending includes health insurance, medication, health services, and medial supplies. We use the CPI-U to convert all waves to 2010 dollars.
wave.
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A major challenge to our analysis is the presence of missing consumption data. CAMS data is only available for approximately 20% of the sample for the years 2000-2012. However, closely related data is available for all individuals across all survey waves including measures of wealth, income, and labor supply. In our benchmark analysis, we follow Miller and Bairoliya (2018) and use this additional data to perform multiple imputation of missing consumption data using the method for cross-sectional time-series data proposed by Honaker and King (2010) (see Appendix A in Miller and Bairoliya (2018) for details). As a robustness, we check the sensitivity of our estimation results to the use of only non-imputed data.
Health and Mortality
We use a multivariate measure of morbidity including eight binary indicators for ever having been diagnosed by a doctor with the following health problems-(1) high blood pressure or hypertension; (2) diabetes or high blood sugar; (3) cancer or a malignant tumor of any kind except skin cancer; (4) chronic lung disease except asthma such as chronic bronchitis or emphysema; (5) heart attack, coronary heart disease, angina, congestive heart failure, or other heart problems; (6) stroke or transient ischemic attack (TIA); (7) emotional, nervous, or psychiatric problems; and (8) arthritis or rheumatism. As a final measure of morbidity, we include an indicator for ever reported difficulty with any activity of daily living (ADL). Difficulty with ADLs are a commonly used health metric among the elderly and include activities such as walking across the room, bathing, and getting dressed. As a general health measure we use self-rated health status reported on a five-point scale from poor (one) to excellent (five). Selfrated health has been shown to be predictive of mortality, even after controlling for other health conditions and socioeconomic characteristics (Idler and Benyamini, 1997) . Finally, mortality data is taken from the Tracker file. Death dates in the survey are either reported by spouses or come from the exit interview.
Model
Our primary interest is in forecasting outcomes over the entire elderly life-cycle and in computing how projected forecasts change under different counterfactual scenarios. To this end, we model and estimate a system of dynamic equations to approximate the joint evolutionary process of consumption, health, and mortality over time using a similar modeling approach as Miller and Bairoliya (2018) . This allows us to 1) examine complete expected elderly life-cycle consumption profiles across socioeconomic groups and 2) quantify the impact of health on consumption differences through counterfactual exercises.
Our basic model of health and consumption is illustrated in Figure 1 . At the beginning of each time period, morbidity status is realized based on random shocks and exogenous characteristics (details below). Given these morbidity conditions (and other exogenous characteristics), general (self-rated) health evolves. Morbidities and general health then affect current period consumption. Note that we posit each of the morbidity states to contemporaneously influence consumption both directly and through changes in self-rated health. For example, heart disease may affect an individual's self-rated health status which in turn may lower contemporaneous consumption. However, heart disease may also influence consumption independently of changes in self-rated health. We introduce a dynamic health effect by allowing morbidities and self-rated health to influence the probability of survival to the following period of life. Moreover, we expand these dynamic effects by also allowing current health and consumption to influence the evolution of outcomes moving forward (conditional on survival). In a dynamic setting, our forecasting model can be conceptualized as a panel vector autoregression (VAR) of order p. The following subsections lay out the forecasting VAR model and identifying assumptions.
Hypertension
Panel VAR representation
While we allow for multiple lags in estimation of the model, the following VAR(1) demonstrates the key features of the framework. Let Y it be a vector of outcomes for individual i at time t that includes log consumption c, self-rated health s, and our n = 9 morbidity states given by n × 1 vector M . Conditional on survival, the outcomes evolve according to the structural VAR(1) model:
where is a vector of normally distributed shocks with mean zero. The shocks are assumed to be independent and identically distributed (iid) across individuals and time and independent across outcomes. The main diagonal terms of matrix A are scaled to one and we assume in our benchmark model that all parameters are homogeneous across individuals and time (e.g. A it = A ∀i, t).
We estimate our model in three "blocks" of outcomes-the morbidity block consisting of n outcomes, the self-rated health block (one outcome), and the consumption block (one outcome). The unrestricted model can be written in block matrix form as:
B 12 B 13
where n × n matrix A 11 has main diagonal terms scaled to one. As illustrated in Figure 1 , the causal pathways we propose suggest a block recursive system. Specifically, we assume that A 12 = A 13 = 0 and B 12 = B 13 = 0 in the morbidity block and a 23 = 0 and b 23 = 0 in the self-rated health block. In other words, we assume self-rated health does not effect morbidities and consumption does not affect self-rated health or morbidities. Block triangulation of the system eliminates simultaneity across blocks and allows for block-by-block estimation.
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Exogenous characteristics
We also include a k × 1 vector of exogenous individual characteristics X it as predictors in our model. The VAR(1) model with exogenous regressors takes the following form:
(1)
Exogenous characteristics include dummies for age, calendar year, education, gender, race, and birth cohort. We also include a time invariant individual unobserved endowment π in the consumption equation. The endowment π is modeled as a fixed effect with no restriction on the correlation with other model regressors. The unobserved individual effect helps maintain the appropriate variance in consumption across time by effectively acting as a person specific drift in the autoregressive process. The resulting exogenous effects then take the following form: 
We exclude time invariant exogenous regressors (education, gender, race, birth cohort) from the consumption equation (c 33 = c 34 = c 35 = c 36 = 0) due to colinearity with the fixed effect. However, we include socioeconomic characteristics instead of individual fixed effects in the health equations because 1) morbidities are absorbing states and self-rated health is ordinal, each of which poses difficulties in estimating dynamic panel models with fixed effects; and 2) we are interested in how average health variations across observed socioeconomic groups influences life-cycle consumption. We also normalize c 37 = 1 and set C 17 = c 27 = 0.
Consumption
The resulting consumption forecasting equation given in system (1) can be explicitly written as:
This is a standard linear dynamic panel data model with lagged dependent variable and individual level fixed effects (π). Given our block recursive system, this equation may be estimated independently of other blocks with all structural parameters identified including the variance of 3 . Note that including lags of health allows for differential effects over time. For example, a recent onset of heart disease may alter consumption more than if an individual has been living with a heart disease diagnosis for an extended period of time.
Self-rated health
As self-rated health is not a continuous outcome but measured on a five point scale, forecasting of the measure is not a true linear VAR process. In contrast, we assume a continuous latent variable s underlies the observed outcome. The self-rated health model as defined in system (1) is then given by:
with the observed health state defined as:
for cut-points (κ 0 , . . . , κ 5 ) with δ = 1 representing the worst health state (poor) and δ = 5 the best health state (excellent). Note that latent self-rated health is assumed to depend on the lagged value of the observed self-rated health category. We assume 2 is an iid shock with standard normal distribution. Thus the evolution of self-rated health follows an ordered probit structure.
Morbidities
Unlike consumption and self-rated health, block triangulation of the system does not allow direct identification of the structural parameters in the morbidity block as there are n = 9 separate outcomes. Instead the morbidity block is estimated as a reduced form VAR. The reduced form system is obtained by premultiplying the structural system block by the inverse of matrix −A 11 :
Denoting −A 11 1,t = e t yields the following reduced form system:
In the reduced form VAR all right hand side variables are predetermined at time t and morbidity states do not a have direct contemporaneous effect on each other. However, the error terms e t are composites of morbidity specific structural shocks and thus are potentially correlated across morbidity states (i.e. cov (e it , e it ) = 0). This allows for contemporaneous correlation in the probability of morbidity states. For example, the onset of heart disease may be correlated with the onset of hypertension or stroke due to correlated contemporaneous shocks.
Contemporaneous morbidity shocks are assumed to follow a standard multivariate normal distribution with an n × n covariance matrix given by Σ. Note that this approach does not allow for identification of the variance in structural errors in vector As morbidity outcomes are binary, forecasting of the morbidity state vector is again not a linear VAR process. Similar to self-rated health, we assume a continuous latent variable m underlies each observed morbidity state such that:
We then have the following model:
Note that each latent morbidity variable is determined by lagged values of the other observed morbidity states. Given the assumed joint normality of the error structure, this morbidity block of equations is in the form of a multivariate probit model.
Higher order lags
Including additional outcome lags may be necessary to ensure there is no autocorrelation in the structural error terms of the system. The VAR(1) model extends easily to higher orders. For example, a VAR(2) version of our model (excluding exogenous variables X it for exposition) takes the following form:
and in block matrix form:
Here, for example, coefficient vector D 31 allows the second lag of the morbidity state vector to directly affect current consumption. Note the same block triangulation of the system is assumed for additional outcome lags. Also note that it is not strictly required that the number of lags included be identical for each outcome. For example, excluding the second lag of self-rated health on consumption simply implies setting d 32 = 0.
Survival
The final process to be modeled is survival from one period of life to the next. As all other outcomes are conditional on survival, mortality probabilities are estimated independently of the VAR system above. Conditional on being alive at time t − 1, survival to the following period of life is given by:
where I (.) is an indicator function and ψ = 1 indicates survival, X a vector of observed individual characteristics (age, year, education, gender, race, and birth cohort), and u it an iid random shock with standard normal distribution. The specification allows K lags of morbidity states and self-rated health to influence mortality probability.
Estimation
All individuals in the HRS born prior to 1960 and aged fifty and over at the time of their first survey are included in the estimation sample. This gives 35,882 unique individuals and 216,606 total individual-year observations. Following the biennial structure of the HRS, a model period corresponds to two calendar years and individuals are grouped in two-year age intervals. Appendix Table 5 shows descriptive statistics for the estimation sample by level of education. Incidence of each morbidity and self-rated health state was substantial among respondents, allowing for relatively precise estimates of their associations in the dynamic processes.
As there is no simultaneity across blocks in the system, we estimate the model block-by-block. The consumption block is comprised only of equation (2), which is a standard single equation linear dynamic panel data model with lagged dependent variables and individual level fixed effects. The equation is estimated via OLS. We use the the bootstrap-based method of Everaert and Pozzi (2007) to correct for the so-called Nickell (1981) bias that is known to arise from OLS estimates of such models.
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Including a single period lag (two calendar years) of health on consumption and two lags (four years) for consumption on itself is sufficient to ensure that shocks are serially uncorrelated in the consumption equation. survival model). The ordered probit model of self-rated health (3) is estimated independently of other VAR blocks using maximum likelihood.
10 The mortality equation (5) is estimated independently using a standard probit regression.
This leaves the morbidity block. The morbidity model (4) is structured as a multivariate probit with correlated shocks. We estimate this model using a chain of bivariate probit estimators as proposed by Mullahy (2016) due to the large number of outcomes and large number of observations in the HRS. With no additional assumptions, this approach allows for consistent estimation via maximum likelihood as opposed to relying on more computationally intensive simulation based methods. However, a potential estimation issue arises in the morbidity block because morbidity states are absorbing (e.g. ever been diagnosed with heart disease). This means, for example, diagnosed heart disease at time t perfectly predicts heart disease at time t + 1 and we have quasicomplete separation. This implies the effective coefficients on the lagged dependent variables in the morbidity block are infinity (i.e.b 11 ,b 22 , . . . ,b nn = ∞ in system (4)). In a simple univariate probit model, the obvious solution is to condition on not being diagnosed with the morbidity at time t. However, estimation of the bivariate probit involves maximization of the joint likelihood function, so we estimate the model as is, without conditioning on time t morbidity status. While inclusion of all observations in the bivariate probit does not effect the likelihood or estimates of the remaining (non-infinite) coefficients, it is possible there could be numerical convergence problems. However, inclusion of all observations does not result in numerical instability in our case and likelihoods converge without issue. Moreover, conditioning the bivariate probit on, for example, not having been previously diagnosed with heart disease results in nearly identical estimates for parameters in the heart disease equation as the unconditional bivariate probit.
Simulations
After empirically estimating the parameters of the dynamic models, we use them to construct life-cycle profiles under a number of scenarios for a subset of sixty year-olds from the HRS. As our benchmark, we limit individuals in our simulation sample to the initial HRS cohort (born 1931-1941) as this was the first group to be included in the HRS and has the longest available panel of data. Note that our model requires up to four years of lagged outcomes implying data is needed from age fifty-six as part of age sixty "initial" conditions. The HRS is structured such that individuals were initially surveyed at all ages between fifty and sixty implying this lagged data is not available for all individuals within the initial HRS cohort (e.g. some respondents were already sixty when first interviewed). Limiting our sample to those in the HRS cohort with the requisite lagged data leaves a simulation sample of 6,544 individuals.
10 Note there is no incidental parameters or initial conditions problem in this case as there is no permanent unobserved heterogeneity or serial correlation in the self-rated health (or morbidity) model. The standard (ordered) probit estimator is consistent and provides asymptotically valid test statistics and standard errors. Table 1 provides a summary of initial (age sixty) conditions in the simulation sample by level of education. Cross-sectional consumption at age sixty averaged $17,870 for high school dropouts compared to $45,490 for college graduates-a 2.5 fold difference. By most measures, health outcomes also demonstrated a steep educational gradient (with cancer being the clear exception). For example, almost 18% of high school dropouts reported heart disease but only 12.5% of college graduates. Similarly, 32.3% of college graduates reported they had never been diagnosed with any of the examined health conditions at age sixty with a corresponding number among high dropouts of only 18.8%. Mirroring these patterns, 15.1% of high school dropouts reported poor health but only 1.7% of college graduates. Using age sixty data as initial conditions, we simulate the remaining life outcomes 5,000 times for each individual and average across simulations to obtain measures of expected consumption, health, and mortality.
11 In each simulation, we first draw shock u i1 for each individual to determine survival to time t = 1 (age 62). Next we draw morbidity error vector e i1 from the standard multivariate normal distribution with estimated covariance matrix Σ. The error vector is used to compute simulated morbidity vector M i1 for each surviving individual. Given this morbidity vector, we then draw errors ( 2,i1 ) and compute self-rated health (s i1 ). Finally, given s i1 and M i1 , we draw error 3,i1 for each individual and compute consumption (c i1 ). This process is then repeated for t = 2, 3, . . . until death or t = 30 (age 120).
A comparison between the average simulated life-cycle profiles and those based on available data is shown by highest level of education in Figures 8-11 in appendix A. Overall, the simulations match the available aggregated data well suggesting our life-cycle dynamics model provides a reasonable approximation of the underlying data generating processes.
NPVC
Our main outcome variable in this analysis is the net present value of expected remaining lifetime consumption starting at age sixty for each individual. It can be written as:
where the expectation operator is defined with respect to life-cycle health and consumption shocks. The benchmark risk-free interest rate (r) is to set to 3%.
Results
Model estimates
Figure 2 provides select coefficient estimates from the panel VAR model while the full set of results are provided in Tables 6-8 in appendix A. The first panel in Figure  2 provides the estimated average marginal effect of each morbidity condition on the contemporaneous probability of being in poor self-rated health. For example, cancer is associated with an increased probability of reporting the poor health state of 8.5 percentage points. In contrast, arthritis is associated with an increased probability of only 2.2 percentage points. As with cancer and arthritis, each of the other morbidities have a significant negative association with self-rated health.
As shown in the second and third panels of Figure 2 , many morbidities have a direct negative effect on contemporaneous consumption and/or survival to the following period of life. A recent stroke, for example, is associated with an increased probability of death and a loss of consumption independent of its effect through lowering self-rated health. In contrast, arthritis does not have a direct statistically significant association with mortality or consumption. However, morbidities also effect consumption and survival indirectly through changes in self-rated health. Lower self-rated health is associated with a significant decrease in contemporaneous consumption and an increased probability of death. See, for example, the coefficients on self-reporting good health shown in the last row of Figure 2 . Good health is associated with an increase in consumption of 0.08 log points relative to reporting poor health (the reference state). Moreover, reporting good instead of poor health is associated with a decreased probability of death of 6.9 percentage points.
While the first two panels in Figure 2 provide insights into the contemporaneous associations across morbidities, general health, and consumption in the model, these relationships continue to evolve dynamically throughout the system over the life-cycle. As an illustrative example, the final panel in Figure 2 shows the average marginal effect of each morbidity on the probability of having a stroke the following model period. Heart disease, for example, increases the probability of stroke by 1.0 percentage point. Figure 3 furthers this example by plotting the continued response to the onset of heart disease at age sixty-two on all model outcomes over time. For example, the onset of heart disease is associated with nearly a 25% increase in the probability of stroke and a 30% increase in the probability of lung disease by the mid-seventies. Heart disease diagnosis is also associated with an immediate 75% spike in the probability of reporting the poor health state. This heightened probability of poor health fades with time but remains over 10% the remainder of the life-cycle (conditional on survival). Age-specific probability of death is also estimated to be over 40% higher by age seventy and remains more than 10% higher even into the nineties. 
Conditional consumption Unconditional consumption
Figure 3: Response to incidence of heart disease at age sixty-two Notes: Results plot percentage difference in expected outcomes with the exogenous onset of heart disease at age sixtytwo relative to remaining without heart disease at sixty-two. Sample includes all individuals in the simulation sample without heart disease at age sixty. Expected health outcomes are conditional on survival.
The final quadrant of Figure 3 plots the response of consumption (unconditional and conditional on survival) to the onset of heart disease. There is an immediate 1.6% decline in consumption conditional on survival, which recovers somewhat to 1.3% the following period. However, consumption then begins to decline steadily and remains 2-3% lower over the entirety of the remaining life-cycle. When examining expected unconditional consumption (i.e. imputing zero consumption for the dead state), levels continue to decline over the remaining life-cycle, reaching differences of more than 30% by the early nineties.
Turning to the socioeconomic differences in the estimation results, Figure 4 plots the estimated average marginal effects of educational attainment on health indicators. Relative to less than a high school education, high school completion is associated with a decreased probability of all health conditions except cancer, heart disease, and stroke. For example, graduating high school is associated with a marginal decrease in the probability of diabetes of 0.9 percentage points. College completion is associated with even larger marginal declines for most health outcomes (with cancer as the exception). Moreover we find that education, conditional on morbidities, is associated with a higher level of self-rated health. For example, the average marginal effect of education on the probability of reporting poor health is -1.3 percentage points for high school and -2.4 percentage points for college graduates. 
Education gradient in health and consumption
In this analysis, we choose to focus on comparing differences in NPVC across education groups as previous studies have noted a strong education gradient in health, mortality, and income. Moreover, we find that consumption inequality across education groups accounts for as much as 28% of the total inequality in NPVC in our sample based on decomposition of the Theil index (see appendix Table 9 ). This is substantial, particularly in comparison to the share of variation explained by other observable characteristics like race (∼ 4%) and sex (< 1%). We focus on two measures of the education gradient in health and consumption-1) the gap in life expectancy or NPVC between high school dropouts and college graduates (∆ lhs ); and 2) the same gaps between high school graduates and college graduates (∆ hs ). These gradients in both life expectancy and NPVC are reported in Table 2 .
It is worth noting that the average life expectancy of college graduates at age sixty is about 5.4 years longer than high school dropouts and 2.3 years longer than high school graduates. Likewise, we find a strong education gradient in the lifetime consumption of the elderly with gaps equal to $324,000 for high school graduates and $513,000 for high school dropouts. In other terms, the average NPVC of college graduates is about 3.0 times higher than those with less than a high school education. This ratio is 20% larger than the 2.5 ratio observed in cross-sectional consumption at age sixty (refer to Table  1 ). The increase in disparities when comparing NPVC as opposed to cross-sectional consumption is driven by a positive correlation between consumption, health, and mortality. See, for example, Figure 5 which shows a strong positive association between life expectancy and cross-sectional annual consumption at age sixty. This indicates that life-cycle events unfolding after age sixty (differential mortality, health shocks, etc.) are important in driving consumption inequality among the elderly. Hence, analyses using only cross-sectional data will underestimate the magnitude of total elderly consumption inequality by a significant margin. Figure 6 shows average simulated life-cycle profiles for select model outcomes by level of education. The first panel shows the average profile of consumption (conditional on survival). Annual consumption tends to fall over elderly life across all education groups. However, cross-sectional consumption inequality increases slightly with age-the average consumption of college graduates climbs from 2.5 times that of high school dropouts at age sixty to 2.7 times at age ninety. The second panel gives the cumulative mortality probability by education. For example, on average, sixty yearolds with less than a high school degree have an estimated 50% chance of surviving to age eighty, compared to a 70% chance among college graduates. The bottom two panels of Figure 6 show the probabilities of being in the worst (poor) and the best (excellent) self-rated health states over the life-cycle. The likelihood of reporting poor health increases substantially for all education groups between age sixty and ninety with a corresponding decline in the probability of remaining in excellent health. The college educated are least likely to be in poor health and most likely to be in excellent health throughout elderly life. Moreover, health deteriorates with age at a faster rate for the less educated. For instance, college graduates are 3.3 times more likely than high school dropouts to be in excellent health at age sixty but 6.0 times more likely by age eighty. Given these profiles, it seems plausible that health and mortality differences might be driving a substantial portion of the education gra-dient in NPVC of the elderly. We next turn our attention to a series of consumption gradient decomposition exercises to quantify the importance of these relationships.
Decomposition
We aim to answer the following key question in this analysis: how much of the education gradient in NPVC can be closed by eliminating health gaps among the elderly? Towards this goal, we conduct a number of experiments to estimate the impact of initial health differences at age sixty as well as the differential evolution of health across education groups after age sixty. In all our experiments, we eliminate disparities by assigning health initial conditions/transitions of college graduates to lower education groups.
Our main decomposition results are presented in Table 3 . Columns (2) and (6) report the education gradient in average life expectancy and NPVC at age sixty for those with less than a high school degree (i.e. the gap between college graduates and high school dropouts). Columns (4) and (8) show analogous gradients for high school graduates (i.e. the gap between college and high school graduates). The first row repeats the baseline gradients shown in Table 2 for ease of comparison. The remaining rows summarize our decomposition exercises. Notes: NPVC indicates net present value of remaining lifetime consumption, reported in 100,000s of 2010 dollars. Columns (2) and (6) report the education gradient in life expectancy and expected consumption at age sixty for <HS education group. Columns (4) and (8) report analogous gradients for high school graduates. † Reports average outcomes by education when all are given the particular health transition of the college group. ‡ Reports average outcomes by education after re-weighting to match the distribution across self-rated health states of college graduates at age sixty. * Reports average outcomes by education when all are given all health transitions and initial health distribution of the college group as defined above.
Health transitions
In our first set of experiments (rows two through five) we assign the health processes of college graduates to other education groups to understand how health evolution after sixty influences consumption differences. We begin by assigning only the mortality transitions (as shown in the survival model (5)) of the college graduates while holding all other transitions as in the baseline. As shown in the second row of Table 3 , differences in the evolution of mortality, conditional on morbidities and self-rated health, explain very little of the consumption gradient. For high school dropouts, receiving the conditional mortality evolution of college graduates results in only a small increase in their life expectancy (0.31 years) and a decline in the consumption gradient of 0.6%. 12 The analogous numbers for high school graduates are only moderately larger-a gain in life expectancy of 0.56 years and a 1.8% decline in the consumption gradient.
For both education groups, differences in the evolution of mortality, conditional on health, explains a smaller share of the observed gradient in both life expectancy and consumption, as compared to self-rated health and morbidity differentials. As shown in the third row of Table 3 , assigning only the evolution of self-rated health, conditional on morbidities, decreases the gradient in life expectancy by 18.4% and consumption by 2.1% for high school dropouts-20.0% and 2.2% for high school graduates. Morbidity processes alone have the largest impact on the education gradient, closing the life expectancy and consumption gaps by 27.8% and 2.9% for high school dropouts and 35.3% and 3.7% for high school graduates.
Assigning all the health processes (mortality, self-rated health, and morbidities) of college graduates results in a 16.0% increase in life expectancy and 11.5% increase in NPVC of the high school dropouts. This implies that differences in health transitions at older ages alone can account for roughly 5.7% of the gap in NPVC estimated at age sixty. Further decomposition reveals that approximately 3.7% of the decline in the education-consumption gap is attributable to longer life expectancy alone with the remaining 2.0% arising due to the effect of living with improved health and fewer morbidities.
13 Overall numbers are similar but somewhat higher for high school graduates, with the associated NPVC gradient closing by 8.0% when receiving all health transitions of college graduates.
In order to gain a sense of how differential health processes impact outcomes over the life-cycle, Figure 7 plots the average percentage change in select outcomes for high school dropouts when given all the health transitions of college graduates. There are large declines in the incidence of a majority of health conditions. For example, there is over a 30% decline in the probability of being diagnosed with lung disease by age eighty. Incidence of diabetes, stroke, and psychiatric problems all fall by more than 15% over a similar time frame. There are also significant and sustained improvements in self-rated health and mortality. For example, at the age of eighty, the probability of being in poor self-rated health is more than 50% lower while the probability of being dead is more than 20% lower. As a result of these health improvements, we see a steady increase in consumption over the life-cycle. Conditional on survival, consumption increases peak at about 7% by the late eighties. Accounting for mortality gains results in more than twice as high expected "unconditional" consumption by the mid-nineties. 
Initial health conditions
We next turn to the role of initial health differences in explaining the estimated consumption gradient. In our previous experiments we only changed the evolution of health processes after age sixty while keeping the initial distribution of health the same for each education group. Due to a strong negative correlation observed between age sixty consumption and poor health, it is difficult to disentangle the effect of differential initial health conditions by simply assigning the initial health distribution of the college graduates to those in other education groups. We circumvent this issue by comparing sub-groups of individuals that have similar initial health states. Specifically, we first break the sample of individuals with less than high school education into N different sub-groups based on observable and unobservable characteristics-race, gender, and decile of the individual unobserved endowment π. 14 We then compute the average NPVC for each of these sub-groups conditional on initial (age sixty) self-rated health (N P V C h,n lhs ). We use the health distribution of the college graduates with identical characteristics to compute a weighted average of the NPVC for each of the N subgroups of high school dropouts. Finally, we compute our counterfactual N P V C * lhs by averaging over the distribution of the characteristics for the <HS group as follows:
where ω h,n coll is the share of college graduates in initial health state h within sub-group n and ω n lhs is the share of high school dropouts (unconditional on health) in sub-group n. We then use N P V C * lhs and baseline NPVC of the college graduates to compute the new gradient. We conduct an analogous calculation for the life expectancy gradient.
As shown in Table 3 , weighting by the initial health distribution of college graduates substantially lowers the estimated gradients in life expectancy. The life expectancy gap between college graduates and high school dropouts falls to 3.65 years-or about 30% smaller than the baseline gap. The NPVC gap also falls to $487,000, suggesting that differences in age sixty health alone can explain about 5.1% of the educationconsumption gradient. Results are similar but slightly smaller for high school graduates-the gradients in life expectancy and NPVC fall by 28.0% and 4.3% respectively.
The last row in Table 3 shows the same weighted average results when college health transitions are also assigned to all individuals. Closing the gaps in initial distribution and dynamic evolution of health shrinks the life expectancy gradient to less than a year and the consumption gradient to $457,000 for high school dropouts.
15 The life expectancy gap for high school graduates becomes slightly negative (primarily due to a larger share of females in the group) and the NPVC gap falls to $285,000. This means that eliminating all health differences across education groups closes the gradient in NPVC at age sixty by an estimated 10.9% for high school dropouts and 12.0% for high school graduates. Table 4 presents the robustness of our decomposition results to a number of alternate modeling assumptions. The table reports the percent of the NPVC gradient for high 14 Calculations are analogous for high school graduates. Due to lack of observations we group together the black and other race categories. We also decrease self-rated health by one for those with a college degree in the few sub-group/health state combinations that contain no high school dropouts.
Sensitivity
15 The remaining life expectancy gradient of 0.56 exists due to differential initial morbidity distributions (conditional on self-rated health) within education groups and due to selection effects across education groups on the basis of race and gender. school dropouts closed due to counterfactually eliminating all health differences with college graduates. The benchmark results are repeated in the first row, followed by the alternate scenarios. Results are broken into the share explained by health transitions, initial health conditions, and both transitions and initial conditions combined. Notes: Results shown are the percent of NPVC gradient closed by eliminating differences in health transitions after age sixty (column one), in initial health transitions (column two), both transitions and initial conditions combined (column three).
Non-imputed data
We first check the sensitivity of our results to using only non-imputed data for estimating all of our panel VAR model equations. The cost of this estimation strategy is a loss in precision and potential bias due to any systematic pattern in missing observations. We continue to use the imputed data for initial age sixty conditions for simulations to ensure there is enough data to conduct our decomposition exercises and so average educational gradient estimates remain representative of the larger population. The results from this analysis are given in the second row of Table 4 . Relative to the benchmark of 10.9%, the total share of the education gradient closed falls somewhat to 8.8% when using only non-imputed data for model estimation. This reduction is due to small declines in both the share closed by health transitions and initial health conditions at age sixty.
Birth cohort
The third row of Table 4 shows results when simulations are run for War Babies and Baby Boomers (born 1942-59) as opposed to the benchmark initial HRS cohort (born 1931-41) . 16 Note that less longitudinal data is available for the younger cohorts and projections are required further into the future. Nonetheless, in the younger cohort, the total share of the gradient closed by eliminating health disparities is only slightly smaller (9.7%) than the older benchmark cohort. This decline is mostly driven by a fall in the share closed by eliminating health transitions after age sixty.
Interest rate
The next two rows show the sensitivity of our results to the choice of interest rate used in calculating NPVC. The percent of NPVC gap closed is somewhat lower when using a higher discount rate of 5% compared to our benchmark rate of 3%. This decline is primarily driven by a decline in the importance of health transitions as future realizations of outcomes are discounted more heavily. On the other hand, when future consumption is not discounted at all, health transitions close 1.4 percentage points more of the consumption gap as compared to the benchmark, driving the total gap closed up to 12.8%.
Time trend
In our model estimation, we do not allow for any innovations in health or growth in consumption, due to macroeconomic changes, past the final wave of the survey (2014). Here, we test the sensitivity of our results to allowing time trends in the future. Specifically, for the models of self-rated health, morbidities, and mortality, we replace time dummies with a linear time trend that we assume continues past 2014. In the consumption model, replacing time dummies with a linear trend is empirically more problematic due to the timing of the great recession and subsequent recovery in relation to the survey data. So we keep time dummies in the consumption equation but assume that consumption grows at a rate of approximately 3% annually after 2014. As shown in Table 4 , inclusion of linear time trends increases the share of the gradient closed to 12.3%, primarily by increasing the importance of future health transitions.
Parameter heterogeneity across education groups
Our benchmark model also assumes homogeneity of all parameters across education groups. We relax this assumption by estimating the model separately for each of the education groups. This allows, for example, self-rated health to influence consumption differently for high school versus college graduates. The cost of this approach is a loss in precision as the model is estimated entirely independently on education specific sub-samples. As shown in the last row of Table 4 , combined results are very similar to the benchmark when incorporating heterogeneity in parameters along the education dimension.
Conclusion
We estimated a panel VAR model using data from the Health and Retirement Study to understand the joint evolution of health and consumption at older ages. We used the estimated model and empirical joint distribution at age sixty to simulate life-cycle paths and construct a measure of the net present value of expected elderly consumption. We found an education gradient of $513,000 in NPVC between the college educated and high school dropouts at age sixty. In other terms, sixty year-olds with a college degree could expect three times the remaining lifetime consumption of high school dropouts on average. We also estimated a life expectancy gradient of 5.4 years between these levels of education at age sixty. Gradients were smaller but still substantial between college and high school graduates-a 2.3 year gap in life expectancy and $324,000 in NPVC.
Counterfactual experiments indicated that two-year mortality transitions, conditional on current health, do little to explain the education gradient in consumption among the elderly. However, the differential evolution of self-rated health and morbidities could each close in the range of 2-3% of the consumption gaps between the college educated and lower attainment groups. Combined, we find that health and mortality transitions could close 5-8% of the gradients whereas the initial health distribution could close 4-5%. Taken together, we estimate that eliminating all elderly health differences across education groups could close 11-12% of the education-consumption gradient.
Our study is not without limitations. First, it is important to note that this is primarily a descriptive analysis and we cannot make strong claims about causal inference. We cannot rule out selection into education categories and do not allow for any potential effect of elderly consumption on health. This type of reverse causality or any other source of endogeneity could potentially bias our estimates of the effect of health evolution on consumption, hence our decomposition results. Moreover, our counterfactual experiments should be interpreted as the potential decline in the consumption gradient in response to an unexpected improvement in the health processes of elderly with less than a college degree. If counterfactual changes were anticipated early in life, there may also be endogenous changes in consumption patterns over the entire life-cycle. Finally, we do not allow for heterogeneities in medical innovations over time. For instance, we do not account for the relative increase in survival due to improvements in treatments for specific diseases like cancer. Another example would be that we continue to assume the onset of diabetes has a time invariant effect on latent self-rated health. If future medical advances drastically lower the impact of diabetes on self-rated health, this change would not be explicitly captured. Nonetheless, our study is an important first step towards understanding the role of health differences in explaining consumption inequality. Addressing some of the aforementioned empirical issues leaves room for important future research in this area. 
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